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Abstract 

Radiogenomics and lipid metabolism are complementary aspects in studying clear cell renal cell carci-
noma (ccRCC). The GTPase of immunity-associated proteins (GIMAP) gene family, known for its role 
in lymphocyte survival and immune regulation, has recently been linked to specific radiogenomic fea-
tures. This study aimed to determine whether GIMAP expression correlates with radiological markers 
of lipid metabolism, such as tumor and liver attenuation on non-contrast computed tomography (CT) 
and abdominal fat distribution. Genomic and imaging data from The Cancer Genome Atlas (TCGA) 
and The Cancer Imaging Archive (TCIA) were analyzed in a cohort of 205 ccRCC patients. Both tra-
ditional and AI-assisted statistical methods (Welch’s t-test with FDR-BH correction, equivalence test-
ing, and robust winsorization) showed no significant differences between GIMAP-positive and 
GIMAP-negative tumors. Average tumor attenuation was similar (36.6 vs. 34.6 HU, p=0.180), as were 
total, visceral, and subcutaneous fat areas (all p>0.13), along with liver attenuation measures (all p>0.5). 
These results suggest no meaningful link between GIMAP expression and CT-based lipid metabolism 
indicators, supporting the idea that GIMAP mainly reflects immune rather than metabolic aspects of 
tumor biology. CT lipid markers are unlikely to be reliable indicators of GIMAP expression. Future 
radiogenomic models should incorporate both immune and metabolic factors to improve patient classi-
fication in ccRCC. 
Keywords: adipose tissue, clear cell renal cell carcinoma, computed tomography, genes, GIMAP, 
imaging, immunocytes, lipid metabolism, precision medicine, radiogenomics 
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Purpose, Rationale, and Limitations 
The purpose of this study was to explore 

whether the expression of the GTPase of im-
munity-associated proteins (GIMAP) gene 
family correlates with imaging features of lipid 
metabolism in clear cell renal cell carcinoma 
(ccRCC). The rationale derives from the recog-
nized involvement of GIMAPs in immune reg-
ulation and lymphocyte survival, suggesting a 
potential interplay between immune signaling 
and metabolic remodeling within the tumor mi-
croenvironment. By analyzing CT-based indi-
cators of lipid accumulation — such as tumor 
and hepatic attenuation and adipose tissue dis-
tribution — this study aimed to determine 
whether GIMAP expression could be reflected 
in measurable radiological phenotypes. How-
ever, several limitations must be acknowl-
edged: the retrospective design and the use of 
publicly available The Cancer Genome Archive 
(TCGA)/The Cancer Imaging Archive (TCIA) 
datasets may introduce heterogeneity in imag-
ing protocols; Hounsfield Units (HU)-based 
and single slice adiposity measurements pro-
vide indirect, simplified estimates of lipid me-
tabolism; and the absence of direct immune mi-
croenvironment markers limits biological inter-
pretation. Future multicenter prospective stud-
ies integrating immune and metabolic radioge-
nomic axes are warranted to validate and ex-
pand these findings. 

Introduction 
Radiogenomics is an interdisciplinary field 

that studies the relationship between radiologi-
cal imaging features and the genetic or molecu-
lar profiles of tissues. Its goal is to use imaging 
data to predict gene expression, genetic muta-
tions, or treatment response without always re-
lying on invasive biopsies. It can also be ap-
plied in association with lipid metabolism to in-
vestigate the links between tumor gene expres-
sion, the estimated intracellular lipid content of 
tumor cells, adipose tissue amount, and hepatic 
steatosis. By combining radiology and ge-
nomics, radiogenomics enables more personal-
ized medicine, improving diagnosis, prognosis, 
and therapy selection [1-5]. 

The tumor immune microenvironment 
(TIME) is closely linked to immunotherapy re-
sponse and clinical outcomes in cancer patients 
[6–8]. Understanding the main determinants of 
the TIME is therefore essential for predicting 

immunotherapy effectiveness and for identify-
ing novel therapeutic targets in ccRCC. 

The GIMAP gene family, located on chromo-
some 7 spanning roughly 500 KB, comprises 
seven functional members (GIMAP1, 
GIMAP2, GIMAP4, GIMAP5, GIMAP6, 
GIMAP7, GIMAP8) and one pseudogene [9]. 
These proteins share a conserved N-terminal re-
gion and contain a guanine nucleotide–binding 
GTPase domain [9,10]. Most GIMAPs play a 
role in lymphocyte development and survival 
[11–15].  

Recent evidence indicates that GIMAP family 
gene expression in ccRCC is associated with 
distinct CT radiogenomic features. In a retro-
spective cohort, GIMAP-positive tumors were 
more frequently observed in older patients. 
They were correlated with high Fuhrman grade, 
absence of endophytic growth, and imaging 
signs of tumor infiltration [1]. These findings 
suggest that radiogenomics may provide non-
invasive markers of GIMAP expression, offer-
ing potential insights into tumor aggressiveness 
and therapeutic stratification. 

In obesity, adipose tissue develops chronic in-
flammation, with an increase in pro-inflamma-
tory immune cells (CD8+, Th1, B2) and a re-
duction in regulatory ones (Treg, Th2), contrib-
uting to the development of insulin resistance 
and type 2 diabetes [16]. 

It is now recognized that excess adipose tis-
sue, particularly visceral adipose tissue (VAT), 
plays an active role in the development of renal 
cell carcinoma (RCC). In fact, higher VAT vol-
umes have been reported in patients with 
ccRCC [3,4]. When adipocytes undergo re-
duced oxygen availability, hypoxia-inducible 
factor 1 (HIF-1) is released from the expanded 
adipose depots, together with altered secretion 
of adipokines such as leptin, adiponectin, resis-
tin, and visfatin. This dysregulated signaling 
may provide a mechanistic link between obe-
sity and RCC initiation [17–19]. 

Hypothesis 
This study hypothesizes that GIMAP gene 

family expression is associated with imaging 
features of lipid metabolism in ccRCC. Consid-
ering the pivotal role of GIMAPs in regulating 
lymphocyte function and survival, along with 
the immunomodulatory activity of VAT in 
chronic inflammation and metabolic stress, a 
functional connection between tumor immune 
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regulation, lipid metabolism, and GIMAP ex-
pression is biologically plausible. Therefore, 
this study investigates whether specific imaging 
markers of lipid metabolism, including intracel-
lular lipid accumulation, adipose tissue distri-
bution, and hepatic steatosis, are associated 
with GIMAP expression profiles in ccRCC. 
This integrated radiogenomic and metabolic ap-
proach seeks to provide novel insights into the 
biological mechanisms of ccRCC and to iden-
tify potential non-invasive biomarkers for im-
proved patient stratification. 

Materials and Methods 
The Cancer Genome Atlas 
TCGA, a project supported by the National 

Cancer Institute and the National Human Ge-
nome Research Institute (NHGRI), has assem-
bled a comprehensive catalog of genomic alter-
ations across more than 20 cancer types, includ-
ing ccRCC. Tissue specimens provided by par-
ticipating centers, following institutional re-
view board approval, underwent extensive 
multi-platform genomic profiling and evalua-
tion. Imaging data, collected before treatment, 
were uploaded to TCIA, an anonymized image 
repository funded by the National Cancer Insti-
tute, in DICOM format. Each imaging record is 
cross-referenced with the corresponding TCGA 

tissue sample using a unique identifier, and the 
data are publicly available for download [20]. 

Imaging Features of Lipid Metabolism 
In evaluating imaging markers of lipid metab-

olism in ccRCC, both tumor and hepatic atten-
uation values in HU and the distribution of ab-
dominal fat compartments were systematically 
analyzed. For renal tumors, attenuation was de-
termined on non-contrast CT scans by placing a 
region of interest (ROI) over the solid area of 
the tumor while avoiding visible necrosis, 
cystic degeneration, calcifications, or adjacent 
non-tumor tissues, from which minimum, max-
imum, and average HU values were extracted 
[3-5]. Representative CT images showing ROI 
placement on the tumor and hepatic 
parenchyma are provided in Figure 1. For the 
liver, ROIs were positioned in homogeneous 
parenchymal regions, carefully avoiding 
vascular structures, biliary ducts, and beam-
hardening artifacts, recording the correspond-
ing minimum, maximum, and average HU val-
ues [5]. To verify measurement reliability, a 
secondary ROI corresponding to 5% of the 
primary ROI area was randomly positioned 
within the same anatomical region and used to 
confirm consistency between primary and 
secondary attenuation values. 

 

 
Figure 1. Representative CT images showing region of interest (ROI)  placement for attenuation measurements. 
(1) Axial unenhanced CT image of a ccRCC. The yellow circle indicates the ROI positioned over the solid portion 
of the tumor, carefully avoiding areas of necrosis, cystic degeneration, calcifications, or adjacent non-tumor 
tissues. The smaller concentric circle indicates the secondary ROI (5% of the primary area) and serves as an 
internal consistency check for measurement reproducibility. (2) Axial unenhanced CT image of the liver, with the 
ROI placed within homogeneous parenchyma, avoiding vascular structures, biliary ducts, and beam-hardening 
artifacts. The smaller concentric ROI (5%) was used for internal validation. These examples illustrate the 
standard procedure used for ROI placement in tumor and hepatic attenuation analysis. 
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If the difference between the two exceeded 5 
HU, measurements were repeated. This 
procedure provided an internal check to ensure 
reproducibility and to reduce operator-
dependent bias. The relationship between HU 
values and intracellular lipid content derives 
from the physical properties of X-ray 
attenuation. Lipids, having lower density and 
atomic number than water and proteins, 
attenuate X-rays less efficiently, resulting in 
lower CT attenuation values. Therefore, a 
decrease in HU within solid tissue regions indi-
cates a higher lipid fraction within cells. This 
inverse correlation has been consistently 
demonstrated in previous radiogenomic studies 
of ccRCC, where reduced unenhanced CT 
attenuation corresponds to increased lipid 
storage at the cellular level [4,5]. This method 
provides an indirect estimate of intracellular li-
pid content. Given that adipose tissue typically 
ranges between −50 and −100 HU, lower atten-
uation in solid tumor and hepatic regions is in-
dicative of greater lipid accumulation in cells 
[4,5]. All ROIs were manually delineated by 
two board-certified radiologists (with 9 and 13 
years of experience, respectively), both of 
whom were blinded to clinical and molecular 
data. Discrepancies were resolved by consen-

sus. Quantification of abdominal fat compart-
ments, including total adipose tissue (TAT), 
VAT, and subcutaneous adipose tissue (SAT), 
was performed using a semi-automated func-
tion available in Horos software version 4.0.0 
RC2 [3-5]. The software automatically detected 
pixels within the predefined HU range, while 
manual refinement was applied along the ab-
dominal muscular fascia to accurately separate 
visceral from subcutaneous compartments. 
Each measurement was independently verified 
by two experienced radiologists, blinded to 
clinical and genomic data. Intra- and inter-ob-
server reproducibility was tested in a random 
subset (20%) of cases, yielding intraclass cor-
relation coefficients (ICC) of 0.95 for VAT, 
0.93 for SAT, and 0.96 for TAT, indicating 
excellent agreement. Segmentations with >5% 
discrepancy between observers were re-evalu-
ated by consensus. 

This semi-automated, threshold-based work-
flow ensured high reproducibility and standard-
ization across the dataset. Representative axial 
CT images illustrating the segmentation of 
TAT, VAT, and SAT, together with compara-
tive examples of GIMAP-positive and GIMAP-
negative cases, are shown in Figure 2. 

 

 
Figure 2. Representative abdominal adipose tissue segmentation. Axial non-contrast CT images acquired 3 cm 

superiorly to the inferior endplate of the third lumbar vertebra (L3), showing semi-automated segmentation of 
abdominal fat compartments performed with Horos v4.0.0 RC2. Adipose tissue was identified within the 
attenuation range of −190 to −30 HU. The VAT area was delineated using the yellow ROI, corresponding to 
intra-abdominal fat within the muscular fascia. In contrast, the SAT area was delineated using the green ROI, 
including the adipose tissue located between the skin and the muscular fascia. TAT was calculated as the sum of 
VAT and SAT. Panel 1 shows a representative GIMAP-positive case, and panel 2 a representative GIMAP-
negative case. Both demonstrate comparable segmentation areas and fat distribution patterns. 
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Statistical Analysis 
In the traditional statistical analysis, con-

ducted using Student’s t-tests without correc-
tion for multiple comparisons, no significant 
differences were observed between the 
GIMAP-positive and GIMAP-negative groups 
across the radiological compartments evalu-
ated. Specifically, mean tumor density did not 
differ significantly between the two groups 
(p=0.180), nor did minimum and maximum 
values (p=0.183 and p=0.811, respectively). 
Similarly, measurements of abdominal adipose 
tissue areas showed no significant variation: to-
tal, visceral, and subcutaneous fat areas were 
not different between GIMAP-positive and 
GIMAP-negative patients (p=0.449, p=0.848, 
p=0.137). Liver parameters were also compara-
ble, with mean, minimum, and maximum den-
sity values showing no statistically relevant dif-
ferences between the groups (p=0.500, 
p=0.900, p=0.536). Overall, analyses using 
standard statistical tests reveal no significant 
associations between GIMAP expression and 
the radiological characteristics of tumors, adi-
pose tissue, or the liver. 

Statistical Analysis with Computational 
Support 

Statistical analyses were performed using es-
tablished methods, including Welch’s t-tests 
with FDR-BH correction, equivalence testing, 
effect size estimation (Hedges’ g), power anal-
ysis, and robust winsorization. Computational 
support (GPT-5) was employed solely to auto-
mate dataset harmonization, variable coding, 

and script generation. All analyses were re-
viewed and validated by the research team to 
ensure methodological accuracy. Artificial In-
telligence (AI) was used to harmonize radiolog-
ical datasets for adipose tissue, liver, and tumor, 
to code group variables (GIMAP-positive and 
GIMAP-negative), and to perform an extended 
statistical analysis workflow. Welch’s t-tests 
were applied with multiple comparison correc-
tion using the FDR-BH procedure, effect sizes 
were estimated through Hedges’ g with 95% 
confidence intervals, and equivalence testing 
(TOST) was performed with clinically relevant 
thresholds corresponding to Cohen’s d of ±0.3 
and ±0.5. Post-hoc power analysis was used to 
estimate the Minimum Detectable Effect at 80 
percent power, and robust testing with 5 percent 
winsorization was performed to reduce the in-
fluence of outliers. The AI also flagged possible 
inconsistencies in hepatic HU values related to 
scaling factors in data export, suggesting meth-
odological verification without affecting the 
statistical comparisons. All results were re-
viewed and validated by the research team. 

Results 
Statistical Analysis Results 
In the 177 cases of ccRCC analyzed, no sta-

tistically significant differences in tumor atten-
uation values were observed between GIMAP-
positive and GIMAP-negative tumors. Specifi-
cally, mean tumor attenuation was 36.61 HU in 
GIMAP-positive cases, compared with 34.61 
HU in GIMAP-negative cases (p=0.180; Table 
1), with minimum and maximum values com-
parable between the two groups.  

Table 1: Hounsfield Units (HU) on unenhanced computed tomography (CT) scans of clear cell renal 
cell carcinoma (ccRCC), stratified by GTPase of immunity-associated proteins (GIMAP) expression. 

Tumor HU 
Overall Negative 

GIMAP 
Positive 

GIMAP 
p-value2 

(n = 177) (n = 131, 
74.07%) 

(n = 46, 
25.93%) 

Tumor HU mean 35.11 (8-
60) 34.61 (8-60) 36.61 (24-52) 0.18 

Tumor HU minimum −8.31 
(−100-33) −7.91 (−100-33) −51 (−49-24) 0.183 

Tumor HU maxi-
mum 

79.71 (42-
153) 79.91 (42-153) 79.11 (51-137) 0.811 

1Mean 

2Student's t-test  

Values in bold indicate statistical significance set at p<0.05 
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The assessment of abdominal adipose tissue 
compartments in 194 patients also showed no 
significant associations with GIMAP expres-
sion: TAT averaged 431.1 cm² in GIMAP-pos-
itive cases and 407.3 cm² in GIMAP-negative 

ones (p=0.449), VAT 197.1 vs. 200.8 cm² 
(p=0.848), and SAT 233.9 vs. 206.4 cm² 
(p=0.137; Table 2).  

Table 2: cross-sectional areas of total adipose tissue (TAT), visceral adipose tissue (VAT), and sub-
cutaneous adipose tissue (SAT) stratified by GTPase of immunity-associated proteins (GIMAP) ex-

pression. 

Abdominal adi-
pose tissue com-

partments 

Overall Negative GIMAP Positive 
GIMAP p-

value2 
(n = 194) (n = 147, 75.80%) (n = 47, 

24.20%) 

TAT 4131 (79-
914.7) 407.31 (87.2-914.7) 4311 (79-900.9) 0.449 

VAT 199.91 (10-
726) 200.81 (15-726) 197.11 (10-391) 0.848 

SAT 2131 (59-632) 206.41 (59-632) 233.91 (62-561) 0.137 
1Mean 
2Student's t-test  
Values in bold indicate statistical significance set at p<0.05 
 
Similarly, hepatic attenuation parameters, 

evaluated in 205 patients, did not differ signifi-
cantly according to GIMAP status: mean he-
patic attenuation was 61.1 HU in GIMAP-posi-
tive tumors and 59.3 HU in GIMAP-negative 

tumors (p=0.500), with comparable minimum 
and maximum values between groups (Table 
3).  

Table 3: Hounsfield Units (HU) on unenhanced computed tomography (CT) scans of liver, strati-
fied by GTPase of immunity-associated proteins (GIMAP) expression. 

Hepatic HU 
Overall Negative 

GIMAP 
Positive 

GIMAP p-
value2 

(n = 205) (n = 160, 
78.05%) 

(n = 45, 
21.95%) 

Hepatic HU mean 59.71 (18-134) 59.31 (18-110) 61.1 (29-134) 0.5 

Hepatic HU minimum 10.51 (−63-81) 10.51 (−63-81) 10.61 (−48-59) 0.9 

Hepatic HU maximum 108.61 (54-228) 1081 (54-193) 110.51 (66-228) 0.536 

1Mean 

2Student's t-test  

Values in bold indicate statistical significance set at p<0.05 
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Overall, the radiogenomic analysis did not re-
veal statistically significant correlations be-
tween GIMAP gene family expression and lipid 
metabolism imaging features on CT. 

AI-Assisted Statistical Analysis  
The comparison between GIMAP-positive 

and GIMAP-negative groups did not reveal sta-
tistically significant differences after correction 
for multiple testing. Effect sizes, expressed as 
Hedges’ g, were generally small, indicating no 
relevant associations. Equivalence testing 
showed that, with a threshold corresponding to 
Cohen’s d of ±0.3, equivalence could not be 
demonstrated. In contrast, with a wider thresh-
old of ±0.5, several adipose, hepatic, and tumor 
variables met the criteria for equivalence, al-
lowing the exclusion of at least medium-sized 
effects. Power analysis indicated a Minimum 
Detectable Effect between 0.45 and 0.48 in 
terms of Cohen’s d, confirming that the study 
had sufficient sensitivity to exclude medium 
but not small effects. Robust analyses using 
winsorized data confirmed the stability of the 
findings, except for a borderline signal in SAT 
that did not persist after correction for multiple 
comparisons. Overall, the application of AI-as-
sisted methods strengthens the interpretation of 
the study, supporting the absence of clinically 
relevant differences in the radiological parame-
ters examined between GIMAP-positive and 
GIMAP-negative patients. 

Discussion 
In this study, we investigated the association 

between GIMAP gene family expression and 
imaging features related to lipid metabolism in 
patients with ccRCC. Our analysis, based on 
CT-derived measurements of tumor attenua-
tion, abdominal adipose tissue distribution, and 
hepatic attenuation, did not reveal statistically 
significant correlations with GIMAP expres-
sion. These findings suggest that, despite the es-
tablished role of GIMAPs in lymphocyte biol-
ogy and immune regulation, their expression 
does not appear to be reflected in radiological 
markers of lipid content or adipose tissue distri-
bution in ccRCC. 

Previous studies have highlighted the poten-
tial of radiogenomics to non-invasively capture 
tumor biology and to predict molecular sub-
types of renal cancer. In particular, GIMAP-
positive tumors have been associated with ag-
gressive clinicopathological and radiological 
features, including higher Fuhrman grade and 

evidence of infiltrative growth [1]. However, 
our results indicate that this radiogenomic sig-
nature does not extend to parameters related to 
lipid metabolism, such as intracellular lipid ac-
cumulation or abdominal adipose tissue com-
partments. 

Beyond the negative findings of our analysis, 
the present data refine how GIMAP biology 
should be interpreted in ccRCC radiogenomics. 
GIMAPs are small GTPases with immune-re-
stricted functions, best known for controlling 
lymphocyte development, survival, and home-
ostasis; perturbations in this family alter T-cell 
fate and peripheral maintenance rather than 
core metabolic programs of parenchymal tumor 
cells. This immune-centric role is highlighted 
by the dependence of T and B lymphocytes on 
GIMAPs and by the limited direct connection 
with lipid metabolism pathways [14]. In line 
with that biology, prior radiogenomic work spe-
cifically focused on GIMAPs in ccRCC re-
ported associations with aggressive clinico-
pathologic and morphologic traits on CT, older 
age, higher grade, and exophytic/infiltrative 
features [1]. Our results extend that observation 
by showing that CT surrogates of lipid metabo-
lism (tumor HU, hepatic HU, and abdominal 
adipose tissue compartments) are not aligned 
with GIMAP expression status. 

Adipose differentiation-related protein 
(ADFP), which plays a key role in fatty acid up-
take and lipid droplet formation, is markedly 
overexpressed in ccRCC at both the mRNA and 
protein levels [21–23]. High levels of ADFP 
expression are also found in adipocytes [24]. 
ADFP is a hypoxia-responsive gene whose 
transcription is regulated by hypoxia-inducible 
factors (HIFs) [25]. The von Hippel–Lindau 
protein (VHLp) forms a complex that promotes 
HIF degradation; however, mutations in VHL 
inactivate VHLp, preventing HIF degradation 
and, consequently, triggering pro-angiogenic 
pathways that support cell proliferation [26–
29]. Thus, VHL mutations, by impairing HIF 
inactivation, may contribute to increased ADFP 
expression in ccRCC [24]. Moreover, HIFs re-
press CPT1A, the key enzyme for mitochon-
drial fatty acid transport. This repression blocks 
fatty acid oxidation and redirects it into lipid 
droplets. Lipid droplet formation is promoted 
under CPT1A suppression. Functionally, low 
CPT1A is required for tumor growth, while 
high CPT1A limits it. In human tumors, CPT1A 
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expression is reduced compared with normal 
kidney tissue, and lower levels correlate with 
worse patient outcomes. Thus, HIF-driven con-
trol of fatty acid metabolism is essential for 
ccRCC tumorigenesis [30].  

In clinical imaging cohorts, radiogenomic 
analyses have therefore concentrated on ADFP, 
showing reproducible links between ADFP sta-
tus and CT-derived lipid metrics in ccRCC, in-
cluding lower minimum tumoral HU and he-
patic attenuation patterns consistent with lipid 
overload [4,5]. Together, these data help ex-
plain why GIMAPs, a family tied to lympho-
cyte biology, do not map onto CT lipid surro-
gates, whereas metabolic regulators such as 
ADFP do. 

In ccRCC computational oncology analyses 
have linked GIMAP expression with immune 
infiltration signatures and overall survival, re-
inforcing the notion that GIMAPs capture im-
mune rather than metabolic dimensions of tu-
mor biology [31]. Our findings are consistent 
with this separation: CT features keyed to lipid 
metabolism fail to mirror GIMAP status, 
whereas GIMAP-related signals may be better 
explored alongside TIME metrics (e.g., T-cell 
density, neutrophil-to-lymphocyte radiomics, 
or perfusion/necrosis patterns tied to inflamed 
phenotypes). 

An additional layer is the interaction between 
adipose tissue and kidney cancer risk and out-
comes. Multiple imaging-based epidemiologic 
studies have implicated abdominal fat, espe-
cially VAT, in the presentation and prognosis 
of ccRCC, although results vary by cohort and 
endpoint. 

For example, a study retrospectively analyzed 
250 patients with ccRCC, divided into two 
groups based on T stage: 173 with low T stage 
and 77 with high T stage [32]. 

Using preoperative CT images, the research-
ers measured subcutaneous fat area, visceral fat 
area (VFA), and total fat area (TFA), and cal-
culated the relative visceral fat area:  

rVFA = VFA/TFA. 
They also evaluated blood-based indicators 

related to nutrition and inflammation. 
The most notable findings emerged in the low 

T-stage group. Patients who experienced short-
term postoperative complications had a signifi-
cantly lower rVFA compared with those with-
out complications. In contrast, no statistically 

significant association was observed in the high 
T-stage group. 

Furthermore, correlations between blood-
based nutritional/inflammatory parameters and 
fat-related variables differed between the two 
T-stage groups, suggesting that the interaction 
between systemic biomarkers and adipose tis-
sue characteristics may vary by tumor stage. 

The authors concluded that rVFA is an inde-
pendent and reliable predictor of short-term 
prognosis in patients with ccRCC at low T 
stage, but not in those with high T stage [32]. 

Another study investigated whether VAT, 
measured on preoperative CT scans, can help 
predict recurrence-free survival in patients with 
localized ccRCC [33]. Researchers analyzed 
data from 446 patients who underwent curative 
surgery.  

The analysis revealed a U-shaped relationship 
between rVFA and recurrence-free survival. 
Patients with very low or especially high rVFA 
values had worse outcomes, with a clear risk in-
crease when rVFA exceeded 0.40. Using ad-
vanced statistical and machine learning ap-
proaches, including random survival forest 
models, rVFA consistently emerged as one of 
the strongest predictors of recurrence risk. The 
predictive model achieved high accuracy, par-
ticularly for short- to mid-term outcomes. 
We found that rVFA is a practical and valuable 
prognostic biomarker in localized ccRCC. 
Since it can be easily measured with routine CT 
imaging, it may help clinicians better stratify 
patients by risk of recurrence after surgery [33]. 
Clinically, these insights carry two implica-
tions. First, CT-based lipid features are unlikely 
to serve as surrogates for GIMAP status, so at-
tempting to infer immune-gene expression from 
HU or adipose compartment areas may be mis-
guided. Second, multi-parametric models that 
partition immune and metabolic axes —for ex-
ample, combining radiomics of tumor architec-
ture/necrosis (immune-linked) with attenua-
tion/radiodensity measures (metabolic-linked) 
—and integrating them with genomics or tran-
scriptomics, may yield more accurate pheno-
typing and risk stratification in ccRCC. 

However, several limitations merit emphasis. 
Retrospective design and reliance on TCIA in-
troduce variability in scanners, protocols, and 
ROI placement, potentially diluting subtle rela-
tionships between immune genes and imaging 
phenotypes. Our lipid metrics (unenhanced HU 
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and single-slice adiposity measures) are prag-
matic surrogates but may not fully capture the 
spatial heterogeneity of lipid composition. 
Moreover, we did not quantify TIME features 
(e.g., CD8 density, tertiary lymphoid struc-
tures) that could co-vary with GIMAP status; 
future work should integrate such endpoints to 
test whether immune radiomic markers, rather 
than lipid markers, align with GIMAPs. Finally, 
the lack of an external validation cohort pre-
vents us from confirming the robustness of our 
observations across independent datasets, un-
derscoring the need for prospective multicenter 

studies to validate and extend these results. This 
immunometabolic crosstalk offers a plausible 
route by which adiposity could influence anti-
tumor immunity in ccRCC. However, and crit-
ically for interpreting our imaging results, this 
pathway does not imply that GIMAP expres-
sion in tumors should correlate with CT surro-
gates of lipid storage. Rather, any influence of 
adiposity on GIMAP-related immunity is more 
likely to appear through immune infiltration/ac-
tivation signatures than through HU-based lipid 
metrics. 

 
Conclusion 
In summary, our study shows that GIMAP expression tracks the immune axis of ccRCC, whereas CT 

lipid surrogates primarily reflect HIF-driven metabolic reprogramming, as captured by ADFP-related 
pathways. The absence of an association between GIMAP status and HU-based lipid features is there-
fore biologically coherent. It guides future radiogenomic modeling toward multi-axis integration rather 
than single-marker surrogacy. 
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